The aim of the study was to investigate age-related differences in large-scale functional connectivity networks during episodic and working memory challenge. A graph theoretical approach was used providing an exhaustive set of topological measures to quantify age-related differences in the network structure on various scales. In a single session, 10 young (22-30 years) and 10 senior (62-77 years) subjects performed an episodic and a working memory task during functional magnetic resonance imaging. Networks of functional connectivity were constructed by correlating the blood oxygenation level-dependent (BOLD) signal for every pair of voxels. Statistical network parameters yield a global characterization of the network topology, the quantification of the importance of specific regions, and shifts in local connectivity. An age-related increase in the density and size of the networks and loss of small-worldness was observed, related to an expanded distribution of brain activity during both memory demands in seniors, and a more specific and localized activity in young subjects. In addition, we found highly symmetrical neural networks in young subjects accompanied by a strong coupling between parietal and occipital regions. In contrast, seniors showed pronounced left-hemispheric asymmetry with decreased connectivity within occipital areas, but increased connectivity within parietal areas. Moreover, seniors engaged an additional frontal network strongly connected to parietal areas. In contrast to young subjects, seniors showed an almost identical structure of network connectivity during both memory tasks. The chosen network approach is explorative and hypothesis-free. Our results extend seed-based and BOLD-signal intensity focused studies, and support present hypotheses like compensation and dedifferentiation.
Introduction N ormal aging is associated with a decline in cognitive functions with numerous studies highlighting impairments especially in working memory and episodic memory in the elderly (Grady, 2008) . Working memory performance, reflecting the capability to simultaneously maintain and manipulate online information (Baddeley, 2010) , has shown to decrease with age both in terms of processing speed and accuracy (Babcock and Salthouse, 1990; Park et al., 2002) . Likewise, aging has been found to impair episodic memory as a past oriented memory system (Tulving, 2002) holding (autobiographical and nonautobiographical) contextual information encountered during confrontation with events or single items (Naveh-Benjamin and Craik, 1995) . In the elderly, both hypo-and hyperactive brain regions have been identified during episodic and working memory demands [for a review see (Persson et al., 2006) ]. While reduced activity may be maladaptive and related to impaired performance, enhanced activity seems to indicate recruitment of additional brain resources to support adequate performance (Callicott et al., 2003) . For instance, regions in the prefrontal cortex (PFC) have been shown to be critically involved in working memory as commonly assessed by the standard n-back task.
Elderly consistently, but not exclusively, show hypoactivity in areas of the ventrolateral PFC, but (although less consistent) hyperactivity in the dorsolateral PFC during working memory load (Cappell et al., 2010; Logan et al., 2002; Nagel et al., 2009 ). Although such findings point to aging effects in brain regions associated with specific memory processes, recent research aims to address the systems level (Bullmore and Sporns, 2009; Sporns et al., 2000; Tononi et al., 1994) to understand alterations in the dynamical interaction of involved brain regions. This approach follows an emerging understanding that not only regional activity changes are important, but also the interaction of brain regions forming a network. This field of research profited from graph theoretical approaches that allow analyzing large complex networks and provides parameters (see Materials and Methods) for the organizational principles of a network (Bullmore and Sporns, 2009) .
A common approach is to generate models of functional connectivity, in which the nodes of a network represent brain areas (voxels or larger scale anatomical areas) that are connected when their respective activation pattern correlate. Graph theoretical approaches have strengthened the concept of a resting state network, which is active during idleness, in absence of action, but also of sleep (Greicius et al., 2003) . Functional connectivity networks have also been used to characterize functional brain changes in neuropathological diseases such as dementia of the Alzheimer's type (Greicius et al., 2004; Supekar et al., 2008) or schizophrenia (Bassett et al., 2008) .
With respect to effects of age on functional connectivity networks, Meunier et al. (2009) investigated the (Newmann-) modularity and found that the number, size, and connectivity structure of modules were affected by age. Ageing seems to be related to decreases in the density of long-range functional connectivities in the default mode as well as the dorsal attention network, and to increases in somatosensory and subcortical networks (Tomasi and Volkow, 2012) . In addition, ageing was found to affect long-range connectivities during memory encoding and recognition, with decreases in fronto-temporal and temporo-parietal areas, but increases within posterior parietal areas (Wang et al., 2010) .
Here we present results of an explorative and hypothesis-free approach, analyzing structural differences in functional connectivity networks between young and senior subjects and for two different memory systems. We determined global statistical network parameters to quantify changes in network size and density. By including the entire brain into the analysis, we obtained results that were not biased toward already existing hypotheses, in contrast to approaches relying on networks related to predefined seed voxels. This approach provides an excellent tool to strengthen current hypotheses, and to additionally deliver new insights into age-related differences in the structure of functional connectivity networks during cognitive demands. Finally, this network approach yields a comprehensive set of measures for the characterization of age-related differences in memory processing and the differences between two memory tasks.
Materials and Methods
Participants, paradigm and functional magnetic resonance imaging data acquisition Twenty healthy subjects in two age groups (see Table 1 ) participated in the study. The following exclusion criteria were applied: Presence or a previous history of any DSM-IV neurological or psychiatric disorder, as determined by a structured Clinical Interview (SCID-IV; First et al., 1997) administered by a trained psychologist; the current use of medication (with the exception of oral contraceptives in young women and hormone replacement therapy in postmenopausal women); and a previous history of head trauma with loss of consciousness. Subjects with obvious atrophy and morphological brain changes were also excluded. All participants underwent neuropsychological assessment to evaluate cognitive abilities. Subjects who showed pathological cognitive decline according to the test battery of the Consortium to Establish a Registry for Alzheimer's Disease (CERAD) were excluded (Folstein et al., 1975; Morris et al., 1989) . In addition, participants affirmed the absence of current physical impairments and handicaps, including vascular risk factors (hypertension, cardiac ischemic disease, and diabetes). The study was approved by the Ethics Committee of the Medical Faculty Mannheim of the University of Heidelberg, Germany. Subjects provided written informed consent to participate in the study.
Functional MRI was performed on a 3 Tesla TIM TRIO Scanner (Siemens, Erlangen, Germany). For each subject, 470 scans were acquired using an echo planar imaging sequence. Each volume consisted of 24 axial slices of 4-mm thickness (1-mm gap), time of repetition 2 sec, TE 28 msec, FOV 220 · 220 mm 2 , 64 2 matrix, and was angulated along the anterior commissure-posterior commissure plane. The first five volumes of each run were discarded to minimize T1 effects. Preprocessing of the images was performed using SPM5 (www.fil.ion.ucl.ac.uk/spm/software/spm5), involving realignment to the first image to correct for head motion. Subjects with movements greater than 3 mm (in the original 3 · 3 · 3 mm voxel size) were excluded. Further steps included nonbrain removal and normalization to the standard template brain (Montreal Neurological Institute [MNI]), with an interpolation to 6 · 6 · 6 mm voxel size to reduce the data volume. This resulted in three-dimensional images of size 27 · 33 · 23 voxel. Spatial smoothing using a Gaussian kernel has deliberately not been done.
For both memory tasks, two sets of 20 words representing personal and nonpersonal events were used as visual stimuli presented in black letters on light gray background. The working memory task was a standard two-back task, in which subjects were asked to continuously indicate whether or not the current stimulus was the same as the one presented two trials previously. During a working, memory block stimuli were presented for 1 sec with an interstimulus interval (ISI) of 4 sec. For the episodic memory task, subjects had to acknowledge with a button press if the presented word was a personal one or not, and then to vividly imagine the cued event. Each stimulus was presented for 2 sec. During the ISI of 6 sec, a fixation cross was presented. The block design of the experiment was determined by the n-back task. Each block had a length of 40 sec and was preceded by a corresponding task instruction. During the episodic memory task, five words per block were presented. For the two-back-task, 10 words were used. Each task was presented four times in random order.
Network generation
The functional magnetic resonance imaging (fMRI) time series were cut into sections according to the block design and concatenated to obtain time series representing neural activation purely related to episodic or working memory demands. In line with other studies that generated network models from fMRI data (e.g., Stein et al., 2007) and to consider the delay of the blood oxygenation level-dependent (BOLD) response, we skipped the first 6 sec (i.e., the first three scans) of each block. All *8000 voxels containing brain tissue (selected through fMRI signal intensity thresholding) were considered to be nodes of the network. For each participant, networks were generated for the episodic and working memory paradigm separately. If the correlation coefficient of the time series for a given pair of nodes exceeded a threshold h c , the nodes were considered as connected. A very important step was the sensible choice of the threshold h c. A high threshold yields very specific networks, whereas a low threshold will include much noise. Networks obtained for low threshold values are furthermore very dense (for a definition of the density see the following section on the network analysis), which makes statistical analyses computationally expensive. Our aim was therefore to set the threshold high enough to make the computational analysis efficient without losing relevant structural information. We varied the correlation threshold systematically in the range between h c = 0.6 and 0.95, and did not observe a phase transition (i.e., sudden change of values) for pivotal network parameters. It has been suggested that the occurrence of a local maximum in dependence of the clustering coefficient (for a definition see the following section on the network analysis) on the threshold can be used as a selection criterion (see also detailed explanations in the Supplementary Materials; Supplementary Data are available online at www.liebertpub.com/brain). The clustering coefficient remained roughly constant for threshold variation between h c = 0.65 and 0.85. For values above h c = 0.9, the clustering coefficient strongly decreased, and in the range between h c = 0.85 and 0.9, we observed local maxima in almost all datasets. We therefore generated networks with a threshold of h c = 0.85.
Network analysis
The resulting functional connectivity networks were characterized by the following network parameters (Albert and Barabási, 2002; Newman, 2003; Rubinov and Sporns, 2010; Stam and Reijneveld, 2007) .
The degree (k) of a node denotes its number of edges or, equivalently, its number of neighbors.
The shortest path (L) between a pair of nodes is the minimum number of edges needed to walk from one node to another.
The betweenness (b) of a node j (Newman, 2010) quantifies the number of shortest paths between all pairs of nodes that include the node j, in relation to all shortest paths between all pairs of nodes.
The clustering coefficient quantifies the tendency of the neighbors of a node to be linked to each other. It can vary from 0 (neighbors of a node are not directly connected to each other) to 1 (all possible links between pairs of neighbors of a node exist). The clustering coefficient is defined as the ratio between the existing links between all neighbors of a node j and the number of all possible links.
The network as a whole can then be characterized by the averages of degree, betweenness, and clustering coefficient of all nodes, and the average shortest path of all pairs of nodes.
The transitivity (Humphries and Gurney, 2008) , an alternative definition of network clustering, which is less costly to compute, is defined as follows:
3 · number of triangles number of paths oflength 2,
where a triangle is a subgraph of three fully connected nodes.
The given network of nodes may consist of several subnetworks that are more or less isolated (which was the case in the present study). In this context, the size of the largest connected component (LCC) is an important characteristic, which is defined as the largest set of nodes within the graph where every node can be reached from every other node by crossing existing edges.
According to Humphries and Gurney (2008) , small-worldness (S) of a network is defined as the ratio between the relative (with respect to a random graph with the same number of nodes and edges) transitivity, C rel , and the relative average shortest path, L rel : S = C rel /L rel , with C rel = C/C rand and L rel = L/L rand . To obtain L rand , we used the formula derived from Fronczak et al. (2004) .
The density of a network is defined as the ratio between the number of existing edges in the network and the maximum number of edges possible.
The cost efficiency of a network (Achard and Bullmore, 2007) is given as the difference between the global efficiency E global and the density, whereby the global efficiency of a network is defined as the inverse of the harmonic mean of the minimal path lengths,
normalized by the global efficiency of a fully connected graph of the same size.
Anatomical classification and connectivity structure
A standard procedure to make fMRI images comparable to each other is a spatial rescaling to standardized MNI coordinates. To retrieve anatomical information, we transferred the MNI coordinates of the voxel centers to the Talairach space using the open source MATLAB program mni2tal.m (Brett et al., 2002) . Anatomical information was obtained from the Talairach data base, providing anatomical data for the Talairach brain (Lancaster et al., 1997 (Lancaster et al., , 2000 . We searched for nearest gray matter regions of every voxel center, and assigned to each voxel a hemisphere, lobe, smaller structure and, where possible, a Brodmann area (BA). White matter regions were to some extend excluded, since white matter does not show activity in fMRI, and we segmented the active brain area through intensity thresholding.
AGE-RELATED DIFFERENCES IN MEMORY NETWORKS
Characterization of age-related differences in the importance of anatomical structures
We quantified the importance of a node i based on its degree k i and betweenness b i . As a measure of importance, we defined the hubness (H) of the node as
that is, the product of relative degree and relative betweenness, normalized by the largest degree and betweenness of the entire network. With this definition, the hubness lies between 0 and 1, with higher values indicating higher importance, either because the node has a high degree, or high betweenness, or both. To assess the importance of entire anatomical structures of the brain, we summed the hubness, degree, and betweenness, respectively, over all voxels belonging to the same structure. Hereby, we considered three anatomical levels, corresponding to the hierarchy provided by the Talairach data base: the level of lobes, where we distinguished left and right hemisphere, the level of gyri and smaller structures, and the BA. We averaged the parameters for each age group to obtain characteristic hubness patterns for young and senior subjects. Since the networks for senior subjects exhibited a larger LCC and higher density, their parameters (degree, betweenness, and hubness) were larger than those for the young subjects. To eliminate these absolute differences, we normed the group averages, which increased the focus on qualitative shifts in the hub location.
Results

Age-related differences in the statistical network properties
We computed for all networks the LCC and characterized the LCC by various statistical parameters. The focus on the LCC was justified, since the second LCC was in every case negligibly small compared to the LCC. In comparison to young individuals, seniors showed an increased size and density of the LCC, and enhanced transitivity during both tasks (see Fig. 1 and Table 2 ). Further parameters characterizing the topological structure of the functional connectivity networks, summarized in Table 2 , indicate differences in the structure of functional connectivity networks between working and episodic memory demands, however, only for young subjects.
The small-worldness parameter, quantifying efficiency of the wiring (high clustering, but short average path lengths), was significantly the highest in young individuals during working memory processes, and much lower for the episodic memory task and for older individuals independent of the task.
It seems that particularly at young age, working memory demands are processed in a more specific and efficient way, while episodic memory demands evoke a much more widespread activity. This is reflected by a smaller LCC and lower density of the networks related to the working memory task. In elderly subjects, the functional connectivity structure during working memory and episodic memory tasks did not exhibit any difference.
Age-related differences in the importance of anatomical structures
To quantify the importance of an anatomical structure for memory processing, we computed for every region the relative hubness, degree, and betweenness, as shown in Figure 2 as a bar plot for the lobe level. Since the regions are of different size, the values must be compared to the expected value if the parameter distribution was random. The expected values are indicated by solid lines in Figure 2 . Thus, a structure was considered to be important when the parameter (bars in Fig. 2 ) was higher than average (bar exceeds solid line). However, findings for smaller regions are less reliable, because a smaller number of voxels enters the statistics. We therefore focused our analysis on medium and large structures. Figure 2 displays the relative hubness of the different brain lobes, for the left and right hemisphere. While for younger subjects, hubness was distributed rather symmetrically over the two hemispheres, senior individuals showed higher hubness in the left hemisphere, in particular, in the parietal and the occipital lobes.
On the level of smaller structures (gyri and Brodmann areas), the hubs for both age groups and both memory tasks were localized in the parahippocampal, postcentral, and middle occipital gyrus. Furthermore, the working memory tasks involved frontal areas, such as the inferior and medial frontal gyrus, and parietal/occipital areas, in particular, the cuneus and middle occipital gyrus. During episodic memory demands, a large number of parietal and occipital areas were involved, including the cuneus, precuneus (senior subjects), and fusiform gyrus (young subjects). In addition, the thalamus showed increased hubness, especially in young subjects. While the postcentral gyrus, especially in young 
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subjects during working memory demands, was clearly a degree hub, the high hubness of the cuneus (BA 19) and precuneus (also for the young subjects under working memory demand) arose from a high betweenness. A summary of the hubness distribution for the gyri and Brodmann areas are given in Tables 3 and 4 . When analyzing the hubness of the gyri structures separately for the left and right hemisphere, the left-sided asymmetry in seniors, with higher hubness in the parietal and occipital lobes, was further pinned down, especially to the inferior parietal gyrus and precuneus, and to a lesser extend to the superior parietal gyrus, cuneus, lingual gyrus, and middle occipital gyrus.
Alterations in the network connectivity structure
We also assigned how the connectivity pattern was affected by age and the kind of memory demand. We counted the number of links within and between all regions for all networks derived for the same age group and memory task. We normalized the inter-and intraregional connectivities by the expected value for random wiring using the following normalization factors: With p the probability of an edge between two nodes in a random network, the expected number of intraregional links is given as pN(NÀ1)/2, for a region of size N. The expected number of links between two regions of size N and M, respectively, is given as pMN.
The results are displayed in Figure 3 (lobe level) and Figure  4 (level of smaller structures). The strength of inter-regional connections is indicated by the thickness of the edges and the strength of intraregional connectivity by the shading of the nodes (the darker the stronger the intraregional connectivity). On the lobe level, young subjects exhibited strong connections between the left and right occipital lobes and between the left and right parietal lobes. Occipital (during 
AGE-RELATED DIFFERENCES IN MEMORY NETWORKS
both memory demands) and parietal areas (during working memory demands) were also internally strongly connected. Overall, the network structure in young subjects was very symmetric. In seniors these connections were also present, but were dominated by a very strong connection between the left parietal lobe and other lobe structures in the left hemisphere. The left parietal and left occipital lobe also showed a much stronger internal connectivity than their counterparts in the right hemisphere. For the finer structures, we found a connection of the parahippocampus with many other, especially occipital areas. The strongest connections were found between the postcentral gyrus and the superior parietal lobule (young subjects during working memory demands), middle and inferior occipital gyrus (both age groups), superior parietal lobule and precuneus. For both age groups, a parietal and an occipital cluster were present in the network, and middle occipital and superior parietal gyrus showed strong internal connectivity. For seniors, an additional frontal cluster emerged (BA 8-11 and 47), and the frontal gyri exhibited a stronger internal connection. Young individuals were characterized by a strong connection between the hippocampus and amygdala, while this connection was much weaker in elderly individuals (see Supplementary Materials).
Discussion
Age-related differences in global network parameters
We found that networks of senior individuals had a larger LCC, characterized by a higher density and transitivity and a lower average shortest path length. A great impact of age on the network structure was evident for both memory tasks; however, differences in network parameters were larger for the working memory task. The greater size of the LCC for senior subjects can be attributed to a more widespread activation pattern. Multiple studies have reported that elderly individuals recruit more brain areas during working memory demands (Cabeza et al., 2004; Cook et al., 2007; ReuterLorenz and Lustig, 2005) , and similar findings are available for episodic memory demands (e.g., Daselaar et al., 2003; Madden et al., 1999) . Studies with transcranial magnetic stimulation suggest that neural overactivation is related to compensatory mechanisms (Cappell et al., 2010; Nagel et al., 2011; Rossi et al., 2004) , and better memory performance is correlated with the extent of overactivation (Grady et al., 2003; Scarmeas et al., 2003) . On the other hand, extended neural activation also accompanies pathological changes (Bookheimer et al., 2000) . Another, maybe complementary process, is believed to be a progressive dedifferentiation, where brain areas become less specialized with age and start to engage in altered functions (Goh et al., 2010; Goh, 2011; Park et al., 2004) .
In contrast to our result, Wang and et al. (2010) found that the average shortest path increases with age due to a reduction of long-range connections. This represents no contradiction with our result, because a different network generation process was used, where all networks had the same number of edges. This required a different threshold on the correlation coefficient for every individual network. We used the same threshold for all networks, which therefore differed in the number of edges, were denser for the elderly subjects, and therefore also exhibited a shorter path length with increasing age of the individual.
The small-worldness, as a measure for effective information processing, was largest for young subjects during working memory challenge. Young subjects showed a clear difference in small-worldness between the two memory tasks. For seniors, small-worldness was similar for both memory tasks and only slightly smaller than for young 
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subjects during episodic memory demands. The finding that small-worldness and cost efficiency were reduced in seniors is in agreement with previous results for resting state networks (Achard et al., 2007; Micheloyannis et al., 2009) . We can thus generalize the result to working memory networks. Apart from age, neuropathological diseases like Alzheimer's dementia also lead to a reduction in small-worldness (SanzArigita et al., 2010; Supekar et al., 2008) . These results indicate that small-worldness is large, when a well-defined and clearly structured network of brain areas executes a very specific task. The small-worldness decreases the more additional brain areas become involved, that is, the more complex the network becomes. The small-worldness is reduced for the episodic memory task, since it involves more brain areas due to association processes. In seniors, additional activation (compensation, dedifferentiation) increases the complexity of the resulting networks, and therefore reduces the small-worldness. While we observed large differences in the networks between the two age groups, the differences between the two memory tasks were much smaller, which has also been reported in other studies (Burianova and Grady., 2007; Wang et al., 2010) . In particular, for seniors, the networks corresponding to the two memory tasks did not differ in their global parameters.
Age-related differences in the hub structure of the functional connectivity
While most other research groups defined hubness based on the node degree alone, our approach also included betweenness. This measure was applied to identify important brain areas on the level of lobes and smaller structures. Concerning the lobes, we found hubs for young subjects in the occipital, parietal, and limbic lobe. Here, the distribution of the hubness was very symmetric for both memory tasks. Seniors showed the largest hubness in the occipital and parietal lobe, with a very strong asymmetry toward the left hemisphere. For the episodic memory task also, the left limbic lobe exhibited increased hubness. The hubness distribution for the smaller structures is summarized in Tables 3 and 4 . In young subjects, hubness concentrated in frontal and less in occipital areas during the working memory task. During the episodic memory task, frontal areas were less and occipital areas much stronger involved. Seniors showed additional   FIG. 3 . Network structure on the lobe level. The size of the nodes indicates the size of the region, the thickness of the lines the strength of the connection, and the shading of the nodes the density of the intraregional connections (dark-high density, brightlow density). WM, working memory; EM, episodic memory.
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hubness centers in parietal areas and decreased hubness in occipital areas, especially for the episodic memory task.
Many of the regions identified as a hub have previously been found to show increased activity levels during memory tasks. In a study by Burianova and Grady (2007) , an episodic memory task activated the caudate nucleus, thalamus, lingual, and fusiform gyrus, as well as the inferior and superior parietal lobule, and the precuneus. A working memory task, on the other hand, involved an anatomically strongly interconnected fronto-posterior network, including the PFC, middle and inferior frontal gyrus, anterior cingulate, thalamus, the posterior parietal, and visual cortex (Nagel et al., 2011) . Della-Maggiore et al. (2000) found that older adults recruit more anterior regions compared to younger adults, such as the dorsolateral PFC (BA 9 and 46), middle cingulate gyrus, and caudate. These results are in very good agreement with our findings. Our hubness pattern also agrees with the findings of Daselaar et al.(2003) , who reported a high connectivity of the hippocampus in young individuals and a lower connectivity in seniors. They also found a strongly connected network involving the rhinal cortex (BA 28, 34, 35, 36) in elderly individuals. In contrast, Klostermann et al. (2012) found that functional connectivity in the right caudate correlated with working memory demands, especially for young subjects. We, on the other hand, found a high hubness of the caudate rather for seniors.
Despite large coincidences in the patterns of hubness and activation, it has to be emphasized that hubness and strength of the BOLD signal are not identical measures. Hubness quantifies correlations in the activity profiles, and therefore a hub could also be formed by a large number of brain areas with correlated, but low activity.
Hubness asymmetry and BOLD signal intensity
A common finding for working memory demands is a unilateral, and thus asymmetric, activation pattern in frontal areas in young individuals, and a bilateral (more symmetric) activation in seniors. Our result for the distribution of hubness is opposite: asymmetric for seniors and symmetric for young subjects. These differences in activation are, however, usually described for frontal areas, while we found left-sided asymmetry for parietal and occipital areas. For other cognitive tasks, however, there is also indication for bilateral compensatory activation in parietal areas with age (Huang et al., 2012) . On the other hand, as emphasized above, functional connectivity and BOLD signal intensity are very different measures, and a high signal intensity does not necessarily imply high hubness. We tested the distribution of BOLD intensity and found bilateral activation for seniors, but also for young subjects, in frontal as well as in parietal areas (see Supplementary Materials). Interestingly, for the parietal region, we found that young subjects and seniors activated very similar areas in the right hemisphere, while there was almost no overlap in the left hemisphere (see Supplementary Fig. S5 , Supplementary Materials). We speculate that the left-sided parietal asymmetry found in the seniors could be related to the fact that within the left hemisphere different (and stronger connected) parietal brain areas were activated compared to the right hemisphere.
Age-related differences in the network connectivity structure hemispheres for young individuals, with the strongest links between the left and right occipital, and the left and right parietal lobes. The occipital lobes play an important role in the processing of visual information, which was the presentation format of the memory tasks. The involvement of parietal areas in memory processing, especially in elderly individuals, has been shown before, and has been hypothesized to relate to attention processes (Cabeza et al., 2002) .
The networks for seniors were characterized by a strong asymmetry, where in particular, the left parietal lobe was connected to other lobes in the left hemisphere. A left-sided asymmetry was also found in a study of Rajah and D'Esposito (2005) , where only the PFC was considered. The networks for the smaller structures revealed for the young subjects an occipital cluster, comprising the cuneus, lingual and fusiform gyrus, and the inferior and middle occipital gyrus. The occipital cluster was strongly connected to the parahippocampus. For the working memory task, we found an additional parietal cluster, including the postcentral and precentral gyrus, inferior and superior parietal lobule, and precuneus. This parietal cluster was also very strongly connected to frontal areas. The occipital and parietal clusters were also present in the networks of the elderly subjects. For both memory tasks, however, a well connected frontal network emerged, involving the anterior cingulate, and the superior, middle, inferior, and medial frontal gyrus. Frontal areas, especially the superior frontal gyrus, were also internally strongly connected (indicated by the dark shading of the nodes in Fig. 4 ). The frontal cluster was connected to the parietal and the occipital cluster for the working memory task, but only to the parietal cluster for the episodic memory task.
Our results support previous studies reporting a higher connectivity in frontal, and a reduced connectivity in posterior areas for seniors compared to young subjects (Daselaar et al., 2006; Davis et al., 2008; Dennis et al., 2008; Goh, 2011) , and studies showing that additional activation in elderly individuals performing memory tasks seems to involve in particular frontal areas (Cabeza et al., 1997; Velanova et al., 2007) . The connectivity pattern can also partially be related to age-related differences in the default mode network structure. A study of Park et al. (2010) showed that the networks for younger individuals were characterized by a strong connectivity between mediotemporal and lateral parietal areas, while networks of older subjects exhibited a shift toward stronger connections between medial prefrontal areas and the right lateral parietal cortex.
Hypotheses of age-related compensation and dedifferentiation
Different hypotheses try to explain the age-related reorganization and shifts in activation patterns. Overactivation and the activation of additional structures is often considered to have compensatory purpose (Cabeza et al., 2004; Davis et al., 2008; Madden et al., 1999; Reuter-Lorenz and Cappell, 2008) . Dedifferentiation (Goh et al., 2010; Goh, 2011; Heuninckx et al., 2008; Park et al., 2004; Rajah and D'Esposito, 2005) implies that brain areas loose their specialization with age and become involved in many different tasks. Our results support both hypotheses. While for young subjects the hubness of anatomical areas was very specific (i.e., only few areas exhibited very high hubness), in elderly subjects hubness was distributed over a larger number of areas. Furthermore, networks for seniors exhibited additional regions with increased hubness, in particular, an additional frontal network. Also, in concurrence with previous studies Davis et al., 2008; Goh, 2011; Grossman et al., 2002) , we found that increased hubness in frontal and parietal areas was accompanied by decreased hubness in more posterior, especially in the occipital areas (see Tables 3 and 4) .
Reduction in default mode network deactivation
A number of studies (Grady et al., 2010; Lustig et al., 2003) indicate impairment in deactivation of the default mode network during memory tasks for elderly individuals. The default mode network includes posterior cingulate and medial parietal areas, inferior parietal lobe (esp. angular gyrus), medial PFC and superior frontal gyrus, anterior parts of the inferior temporal cortex, medial temporal cortex (parahippocampal gyrus), and medial cerebellum (Grady et al., 2010) . Tomasi and Volkow (2012) found an age-dependent reduction in hubness of posterior cingulate, precuneus, ventral PFC, middle orbitofrontal, middle, and dorsolateral prefrontal cortices. Increases were found in somatosensory and motor cortex, hippocampus, thalamus, and caudate. A deficiency in default mode network deactivation was not completely evident from our results, as a contribution of the default mode network overlaps with many other processes (task induced activation, possible compensation, visual processing etc.), and could not be distinguished for this paradigm. The higher density of the networks of the elderly could, however, at least partially be explained by a still active default mode network.
Robustness of the results
We determined statistical parameters characterizing the global structure of the functional connectivity networks, and the hubness, a measure of importance, for different brain structures, like lobes or gyri. For every individual, the hubness of a structure was given as the average of the hubness of a larger number of voxels, and therefore provides robustness of the results despite the small sample size. Indications for robustness are that characteristic features, such as the left-sided increase in hubness for seniors, were apparent for almost every individual data set. In addition, some of the global network parameters, like the size of the LCC, density, and smallworldness, were very characteristic for the young and older subjects. We are therefore confident that the group averages and the construction of consensus networks for every age group are justified. A further indication of robustness is that our findings agree in many aspects with results from other studies. With no doubt a confirmation of the results using a larger sample group will be very valuable, and we intend to validate our results with an increased dataset. Nevertheless, we believe that the current results are robust and will not change significantly if more subjects are investigated.
Limitations
The small sample size does not provide sufficient statistical power for single-voxel analyses similar to Buckner et al. (2009) . Here, hubness was determined for single voxels for larger data sets of at least 24 subjects. Further, data processing, like spatial smoothing, enlarged robustness of the results, as very nicely shown by comparing two independent data sets. The results of Buckner et al. (2009) are, however, not directly comparable to our results, most likely because of differences in data processing. Most significant is probably the rationale for spatial smoothing, which we in our study deliberately avoided not to introduce artificial correlations between neighboring voxels. Furthermore, our single-voxel data were neither smoothed nor averaged, and given only for 10 subjects per group. We therefore deliberately avoided single-voxel analyses, but instead computed more reliable hubness maps on the level of larger anatomical areas.
Our results are in agreement with the hypotheses of dedifferentiation and compensation, but cannot distinguish between the two assumptions. To determine compensatory activation, a relation between networks parameters and performance is necessary. Performance for the working memory task has been assessed, but for the small sample size an inferential statistical analysis was not feasible. With more data available in the future, we expect that this question can be clarified.
It has been suggested that age-related vascular changes and atrophy may contribute to the obtained results. This risk was minimized through our extensive exclusion criteria and cognitive tests that aimed at including only healthy participants in the study. We, however, cannot exclude that subtile vascular or atrophic changes contribute to some of our results. Their influence on functional connectivity is yet a very unexplored field and beyond the scope of this work. Therefore, we restrain from speculating in what form vascular changes or atrophy might affect our data, but recommend the topic for further research.
Our results point to age-related differences in the network structure for working memory and episodic memory demands. However, future studies may additionally determine and control for a possible impact of other cognitive factors (e.g., attentional challenge) that may be differentially linked to working memory and episodic memory processes.
Conclusions
In this study, age-related differences in functional connectivity networks during episodic and working memory challenge became evident on various scales. Respective network parameters consistently showed that seniors engage expanded neural networks with less differentiation between episodic and working memory demands. This main result points to a generalized loss of neuronal specialization in the older brain. However, neuronal dedifferentiation seems to be accompanied by (asymmetric) compensatory mechanisms mainly in fronto-parietal regions. As this is to our knowledge, the first study simultaneously investigating age-related differences in functional connectivity networks by a graph theoretical approach in two fundamental memory systems, future studies focusing on regional changes in BOLD responsivity may benefit from this approach to further disentangle neural dedifferentiation from compensation. Neuroimaging studies on aging should incorporate the acquisition of resting state activity to analyze the dynamical interplay of network changes during active conditions in relation to default mode network activities in a within-subjects design.
